Abstract. This work proposes a novel hot routes inferring approach without the support of real road network. Discovery of hot routes is important to the applications that requiring classifies the traffic flow or profiles the dynamic of the city, such as targeted advertising, traffic management and control. The advances of location-acquisition technologies have led to a huge collection of objects' trajectories in the road network, which give us the chances to finding hot routes conveniently. However, it is difficult to effectively detect hot routes without the support of the available road map. To address this issue, we first develop a Road Network Constructing Algorithm (RNCA) that extract road network from vehicular trajectories using image processing methods, and then propose a Hot Route Inferring Algorithm (HRRA) based on the extracted road network. Meanwhile, a novel road matching operation is also developed to match trajectory points onto roads. We have conducted extensive experiments on real dataset of taxi trajectories. Simulation results show that the proposed RNCA and HRRA are both effective and efficient.
Introduction
In recent years, as the mature of the positioning technology and the universal of the positioning device, a variety of mobile terminals in different application areas generate a large amount of trace data. These data is rich in knowledge that reflects people's movement regularity, the traffic conditions, and the structure of the road network. Today, the associated trajectory mining is getting hotter, one significant study of them is inferring hot route from vehicular trajectory. The hot route, which can be informally defined as the route that frequently followed by multiple objects during a certain time, reveals people's moving behavior patterns and attention/ reliance to the geographical area. Gaffney et al. [1] have proposed a hot route detection algorithm FlowScan, which is able to detect effectively the global hot route in the city, and correctly identify the splitting/joining, overlapping, and slack of the hot routes. However, this algorithm requires not only the support of a road network with good topology, but also the accuracy of the road matching algorithm. That is, without the road network or the accurate road matching algorithm, this algorithm will be helpless.
How to address this problem? One naive solution is to divide the space into grid with small size, and map the GPS points into these grids. Then the hot route detection is converted to hot grid sequence detection. In this way, like the FlowScan, we can define the directly density-reachable grids according to the common trajectories between adjacent grids, and use the depth-first search or breadth-first search to detect hot routes. However, this approach has its defects. If the grid is large, one grid may cover more than one road, so that the final hot routes will be too large in width to express the finer actual path. If the grid is small, one grid may only cover a partial region of a road, so that the trajectory amount in one grid will be too few to mistakenly lose many hot routes.
In view of the above discussion, the key issue of the hot route detection is the support of the road network. If the road network can be constructed easily, the hot route detection will be no longer a problem. From this straightforward idea, this work develops a rapid road network constructing algorithm (RNCA), and then proposed an effective hot route inferring algorithm (HRRA) based on RNCA. The proposed hot routes detecting processes are roughly as follows: firstly, constructing the road network from vehicular trajectories using image processing methods; and then matching the trajectories to roads; finally detecting hot routes like the above naive solution.
Related Work
This section briefly introduces the previous works associated with the hot route detection, including the road network construction, route inferring, and trajectory pattern mining techniques.
Road Network Construction
There have been a few other existing algorithms for building maps with vehicular GPS trajectories such as image processing-based methods [2, 3] , clustering-based methods [4] [5] [6] , machine learning-based methods [7] , and a few other methods [8] [9] [10] . However, these algorithms are either high time costly, or sensitive to the granularity and noise of the positioning points, or require an auxiliary reference map.
Route Inferring
Work [11] proposed a route inference method to identify the popular routes by the means of the routable graph, which is constructed on the basis of collective knowledge. Explicitly, given a location sequence, this algorithm find out the top-k routes, which sequentially passing these locations within the specified time span, from the routable graph. Work [12] also investigated the problem of popular route planning. This work designed a transfer network, and derived a reasonable transfer probability for each transfer node in the network. Then the most popular route between two given locations can be inferred by the transfer probability of each transfer node. However, the popular routes between given query locations only tell that these routes are popular among the optional paths between these locations, while may not most popular in the whole area.
Road Network Construction

Bitmap Construction
In order to extract road network with vehicular trajectories, we need to convert the geographical space including a tremendous amount of GPS points into a bitmap, i.e. discretize the geographical range into gridded space with cells of small size. In this way, each pixel in the bitmap corresponds to a grid cell, and the gray value of each pixel is equal to the number of points in the corresponding grid cell. Definition 1: Trajectory Bitmap. Let S be a two-dimensional geographical space containing massive trajectories, the trajectory bitmap of S, denoted by G bit , is defined as:
, where l is the number of grid lines in longitude direction, c is the number of grid columns in latitude direction, g i is the ith pixel, and Gray(g i ) denotes the gray value of pixel g i . Here the pixels (or grid cells) are numbered line by line from the bottom of the bitmap.
For convenience, we consider the grid cell on the road as ROAD grid, and denote the grid cell not on the road as NON-ROAD grid. Then the corresponding pixels of them are represented as ROAD pixel and NON-ROAD pixel, respectively.
Binarization of Gray-Scale Image
The aim of image binarization is to converts a gray-level image to a black and white image with a suitable threshold. That is, this operation removes the grid cells not on the road and retains the cells on the road. The key problem of the binarization is how to choose the threshold. Artificially choosing a fixed threshold is not appropriate, when the threshold is set too large, the ROAD grid with few points will be incorrectly removed; on the other hand, when threshold is set too small, many NON-ROAD grids with a lot of points may be retained improperly. To overcome this disadvantage, we use a hybrid thresholding method to take advantage of both global and local information. As the vehicle travelling along the road, the number of points in ROAD grid is commonly more than that in NON-ROAD grid, i.e. the gray scale of ROAD pixel is higher than that of the NON-ROAD pixel; consequently, when the r×r neighbors of a ROAD pixel include more than one NON-ROAD pixel, the gray scale of this ROAD pixel will be no less than the average gray scale of its r×r neighbors. In view of this analysis, we can easily differentiate the ROAD pixels from NON-ROAD pixels by the means of local average gray scale. Similarly, we can use the global average of all the nonzero pixels to filter out the dark pixels. After binarization, the final image will contain object pixels of 1s and background pixels of 0s.
Let Avg global be the average value of all the non-zero pixels in the whole Gray-scale image, and Avg r×r (g) be the average value of the r×r neighbors of pixel g, then the threshold of pixel g, denoted by TH(g), is defined by:
where
With the TH(g) we can determine the binary value of pixel g, if Gray(g) more than TH(g), the value of pixel g is set to 1, otherwise set to 0. Note that, the weight t 1 should be less than t 2 in equation (1), because too large weight of the Avg global will cause many grid cells on the light-traffic road to be incorrectly deleted.
Morphology
After the above binarization process, the resulting binary image will only contain the pixels on/near the roads, i.e. it shows a rough outline of the road network. However, the binarization process will inevitably lead to "lumps", "holes", "cracks" or "pits" in the binary image. The "lumps" may pull some disconnected roads too close, and the "cracks" or "holes" will cause the road disruption. To thin the bloated roads, we can use morphology erosion or thinning operation. In order to fill the road gaps and smooth the road borders, we use the morphology dilation or bridge operation. The detailed steps of morphology operation are as follows.
Thinning
Thinning is a morphological operation that is used to remove selected foreground pixels from binary image. The result of thinning operation is a single pixel thick, but topologically equivalent binary image. The thinning of a set X by structuring element B, denoted by X B ⊗ , can be defined in terms of the hit-or-miss
, where"  "denotes the hit-or-miss transform, 
With the thinning process, we can greatly reduce the probability of connecting the disconnect roads in the dilation step, which is described in dilation process in next section.
Dilation
In this work we employ the dilation operation to fill gaps among ROAD pixels of each road. The dilation process is performed by laying the structuring element B on the image X and sliding it across the image in a manner similar to convolution. It also changes all pixels covered by the structuring element into object pixels whenever the origin of the structuring element coincides with an object pixel in the image. The dilation can be defined as:
, where B p is the structuring element shifted with its reference point to pixel p in the image.
In most dilation algorithms, the typical structuring element is a symmetric 3×3 or 5×5 mask, and only one structuring element can be used throughout the dilation process. However, this methodology is not suitable for our situation of constructing road network. Because the road is a directional line and we can only dilate the ROAD pixels along the direction of the road, while the pixels in the roads in different directions will have different structuring element. For example, given a pixel p of an east-west road, then its structuring element should be "horizontal"; similarly, the structuring element of the south-north pixel should be "perpendicular". It is easy to get the direction of the road by checking the vehicular orientation in each ROAD grid.
Then we can calculate the structuring element of each pixel conveniently. Accordingly, every background (white) pixel that is touching an object (black) pixel in mask is changed into an object pixel.
Skeletonization
The skeleton of an object pattern is a line representation of the object, which can be interpreted as medial axis or symmetrical axis in mathematical morphology. It should preserve the topology of the object, be one-pixel thick.
Through above the thinning and dilation process, the binary image will become a shape-like skeleton, but dilation operation also brings some undesirable small "bumps". Therefore, we need to further skeletonize the binary image. Skeletonization is the skeleton extraction process by reducing foreground pixels in a binary image to a skeletal remnant. Let X denotes a binary image and let B be a structuring element. Then the skeletonization process of X can be defined as:
. Note that X kB  denotes k successive erosions of X B , and n is the final step before X is eroded to empty set.
Cleanning
This is the final step of binary image processing that cleaning up the noisy short segments, the lengths of which are less than 4 pixels. After this process, the image can be viewed as a map of the road network. The formal definition of the road network is detailed in the following. Definition 2: Road Network. Given a trajectory bitmap G bit , execute binarization and morphology operations to it, then the resultant bitmap will be a road network, which can be expressed as: G road ={ g 1 ', g 2 ', …, g i ', …}, where i∈ (1, l×c] , g i '≠g j ', and N(g i ') denotes the directly adjacent grids of grid g i ' in G road .
Road Matching
The purpose of road matching is to match the GPS points map onto the road that the vehicle traveling on. Many researchers have proposed a lot of effective, but highcomplexity algorithms [13] [14] [15] [16] [17] to improve the matching accuracy. However, since our road network structure is simple, does not include the roundabout, flyovers, and other complex structures we do not need to use these complex algorithms.
In our situation, we can easily accomplish the road matching by just matching one point into the nearest grid within a specified r-neighborhood. For one GPS point p, if the grid g i , where p is located in, is a constituent part of the road network, we match p into g i directly; otherwise, if g i is not a constituent part of the road network, we match p into the nearest grid g j , within the r×r neighbors of grid g i .
Definition 3: Road Matching. Given a GPS point p, a road network G road , the matching of p, denoted by Match road (p), is defined by
arg min
where g i is the grid the point p located in, N r (g i ) denotes the r×r neighbors of grid g i in G bit , Dist(p, g j ) denotes the distance from point p to the center of grid g j . Note that r should be adjusted according to the size of the grid cell. When the grid width is small, such as 30m, we may need to search the 5×5 neighbors; when the grid width is large, such as 50m, just searching 3×3 neighbors will be done, in the situation that the width of the urban roads are generally no more than 100m. After road matching process, any trajectory T i ={p 1 , p 2 , …, p m }, m>1, will be translated to { } 1 2 , , ,
Hot Route Inferring
The hot route is a general path in the road network which contains heavy traffic. It represents a general flow of the moving objects in the network. If there is heavy traffic between two grid cells in the road network, then the two grids are very likely part of one hot route. Similarly, if a sequence of adjacent grids (i.e. a road segment) contains quite a number of common trajectories, we can consider this grid sequence to be a complete hot route. Based on this naive idea, we give several relative definitions and detailed algorithm of the hot route detection, which are introduced in the following.
Definitions
Definition 4: Hot route. Hot route can be expressed as a sequence of road segments which share a high amount of traffic in a period of time. Generally, it should have the following properties: 1. Direction: one hot route should have the start and end points. 2. Length: the geographic distance from the start to the end point. It should not be too short. 3. Weight: used to identify the popularity of one hot route.
Note that the hot route in this paper is no longer a sequence of road segments in the strict sense, but a sequence of grid cells due to the definition of road network G road .
Definition 5: Traffic of gird. Let Traf start (g) denotes the set of trajectories started at grid g, Traf finish (g) denotes the set of trajectories ended in grid g, Traf pass (g) denotes the set of trajectories that passed through grid g, and Traf(g) denotes the union of the three set, defined by Traf(g)= Traf start (g)+ Traf finish (g)+ Traf pass (g), then |Traf(g)| denotes the traffic of gird g.
Definition 6: Directly traffic-reachable. Grid g 1 is directly traffic-reachable to an adjacent grid g 2 , w.r.t. minimum traffic threshold λ, if all of the following hold true. 1. |Traf (g 1 )∩Traf(g 2 )|≥λ. 2. ∀T∈{Traf (g 1 )∩Traf(g 2 )}, T must travel through g 1 and g 2 successively.
Definition 7: Route traffic-reachable. For a grid cell chain L=(g 1 , g 2 , …, g n ), grid g 1 is route traffic-reachable to an adjacent grid g n w.r.t parameters λ and ε, if L satisfying the following conditions: 1. g i is directly traffic-reachable to g i+1 .
For every sub-chain
Definition 8: Hot Route Start. A grid g is a hot route start w.r.t. λ, if any one of the following conditions is satisfied:
Traf(g')|<λ, and ∀g''∈N(g), g'' is not directly traffic-reachable to g.
Discovering Hot Routes
To find all the hot routes having complex behavior patterns, such as splitting, joining, and overlapping, requires only two steps: (1) finding out all the hot route starts based on Definition 8; (2) detecting hot routes from the hot route starts according to Definition 7. The first step can be easily accomplished by simply traversing all grids of the road network, if one grid can meet one condition of Definition 8, this grid will be a hot route start, else just skip this grid and check the next grid. The second step is somewhat complicated. That is, it can be executed by initializing a hot route start to a hot route at first and then iteratively add all the route traffic-reachable grids to it. However, the key problem is how to effectively search the route traffic-reachable grids in the road network. Considering the directly traffic-reachability of ROAD grids, each grid has no more than four directly traffic-reachable grids, then we can construct a quad-tree for the searching space of each hot route start, in which the hot route start corresponding the root node and its directly traffic-reachable grids corresponding to the child nodes of the root node. Obviously, it's easy to find out all hot routes by traversing this tree using depth-first search or breadth-first search. During the searching, if the grids in the sliding window satisfy the conditions of Definition 7, add the end grid in the window to the hot route, and then slide the window forward one grid; otherwise, end the search in current branch (in this time one hot route is finished) and start the search in next branch. Repeat this process until all the branches are completed.
The complexity of the quad-tree construction is: number of ROAD grids × (average traffic of ROAD grids) 2 , and the complexity of the depth-first search is: number of hot route starts × average length of hot routes.
Experiments
Dataset Description
In our experiments, we use a real trajectory dataset that generated by 13, 798 taxis traveling 3 hours in Shenzhen City. The dataset contains totally 2,448,245 GPS points, from which 94,824 trajectories are extracted.
Parameters Setting
There are two input parameters in the proposed RNCA: the lines l and the columns c of the grids, which control the size of the grid. They should be adjusted according to the size of the geographical space, as well as the width of the road. In this experiment, the length and width of the grid should be less than most of the width of the road, in order to ensure a grid can be included in one road. Hence, a non-strict range, namely 10m~50m, is usually reasonable. There are two input parameters in the HRRA: the minimum traffic threshold λ, and the window width ε. The first parameter λ cannot be set a constant, because it is an application or traffic dependent threshold. Due to the lack of domain knowledge, we herein adopt an alternative approach that changing the first condition of Definition 6 to: |Traf(g 1 )∩Traf(g 2 )|/|Traf(g 1 )
∪
Traf(g 2 )|≥λ, and |Traf(g 1 )|≥| ∪ {Traf(g i )}|/n, n>0, where g i is the ROAD grid, and n is the number of ROAD grids. In this way, λ will be a traffic-independent decimal in the range [0, 1], which can be determined based on the statistical data of the traffic.
The second parameter, ε controls how long the common objects must travel together to generate a hot route. It is closely related with the grid size. When the grid is small, such as the width of 20 meters, a value of 2 is too loose since it will lead to many overlong hot routes that too many roads contribute to one hot route; when the grid is large, such as the width of 100 meters, a value of 10 is too strict since it will cause too few hot routes. In common sense, the ε grids of 200~500 meters in a hot route is usually reasonable. That is, if the grid width is 50 meters, ε, should be in range of 4~10.
Effectiveness
In order to demonstrate the effectiveness of the proposed RNCA, we make two intuitive but empirical comparisons.
First of all, we compare the effects of different thresholding polices in bitmap binarization, as shown in Fig. 1 . We can see that the identified roads amount increase dramatically with the decrease of the weight of global average, which explains the ineffectiveness of the binarization strategy with only global threshold, and the effectiveness of our composite thresholding scheme of global average and local average.
Secondly, the impacts of different structuring elements to dilation operation in morphology process are demonstrated in Fig. 2 . It shows that the traditional 3×3 mask sticks many different road segments together too badly, and contrarily, our mask policy separate these segments from each other very well.
The final road network generated by RNCA is illustrated in Fig. 3 , from which we can see most of the roads are identified except some backstreets or the railway due to too few or no trajectories in them.
Next, we analyze the effectiveness of the proposed HRRA. Fig. 5 shows the comparison of the hot route amounts with different parameter values. In Fig. 5(a) , the numbers of the detected hot routes decrease with the increase of the window width, here λ=0.10, =3, and the grid width is about 50 meters. However, the "ε=3" generates too many short routes (length<5), the "ε=5" produces too few long routes (length≥5), and the "ε=4" detects most modest routes. Fig. 5(b) illustrates the numbers of the detected hot routes with different directly traffic-reachable thresholds, here ε=3 and the other parameters are same to the above experiment. Through this comparison, we can carefully give a conclusion that λ≤0.08 will be a too loose condition, λ≥0.12 will be a too strict condition, and 0.08<λ<0.12 could be a suitable range. Fig. 5(c) illustrates the numbers of the detected hot routes with different road matching strategies, here ε=3 and λ=0.10. In this Fig., we can see that both the 3×3 and the 5×5 neighbors matching strategies can effectively detect the hot routes, while the no neighbor strategy will miss most of the hot routes.
Finally, to demonstrate detection quality of the HRRA, we need to furthermore check whether HRRA can recognize complex behaviors of the hot routes such as: splitting, joining, and overlapping. The zoomed region A, B, and C in Fig. 4 respectively shows the three complex behaviors. From this Fig. we can see that the proposed HRRA can clearly identify these behaviors.
Efficiency
In this experiment, we also test the efficiency of RNCA and HRRA with respect to the number of GPS points. Fig. 6 shows the running time of them as the number of the points increases from 400,000 to 2,400,000. As the curve in Fig. 6(a) shows, the running time increases linearly with respect to the number of objects, and it is no more than 3 minutes when the data amount reaches 2.4 million. As the Fig. 6(b) shows, the running time, which is so small (only a few seconds) that even can be negligible, also increases linearly in a smoother manner with respect to the number of objects.
It should be noted that once the road network is completed, we can keep using it, without the need to execute the construction algorithm whenever detect hot routes, till the real road structure is changed. From this point, the time cost of RNCA could be neglected. Thus, the total process time of our solution is very small. 
Conclusion
In this paper, we study the problem of hot route detection without available road network, by considering vehicular trajectories. We propose an effective road network construction algorithm based on the mathematical morphology, and present a suitable road matching method for the road network composed by grids. On the basis of these preprocessing, we propose a hot route detection algorithm, and give the normative definitions and the detailed description of which. To show the effectiveness of our solution, we perform comparable experiments using real data sets. The experimental results demonstrate that RNCA can extract most of the streets, and our HRRA can detect the hot routes effectively with a certain range of parameters. Furthermore, we study the efficiencies of RNCA and HRRA; the experimental results show that when the data amount reaches multimillion degree, the running times of them are only a few minutes or seconds.
